TIntvodvchon t© Ensemble vmethods

o WQ have \oaked a-\- d\'ﬁ@r@n% mach;he lecnrnina w\oo(e\s nowd

— k- Nearest N'etah‘oours
— Classificahon 4 Eearessfof\ Trees (CART)

— Loaish'c Rejressicm
—  Nevural Netwovks
- Sum:o*rl: Vectsy Madhines

*  Question: BGiven a daolaset; which ML 0\30??’\’?\\«\ shauld we pick, and

how do vov Know wchich technique will Fer-gorm the best ?

. Un&w-\—una-}eB’ Yhere 12 no 800& answer to thie o(ues\-\‘on-
— It is mostly o process of Irial-and- evror
— EBEach kind of ML a\soﬁ%m \/ie\o\s a different macle\/ hypsthesis

— But there s no perfect wmodel / hypothecis  in prachce

¢ So you way ask could we combine several TmPeﬁ?ee‘c models into a loeHer wadel ?



. Analojies 0{3 mm\ainina w\u\’\-i?\e vodele W our soc\'e\-s

— Electons combine voter’s cheices to Fick a “aoocﬂn canddate

CommwiHees combine several exFe-r{-s’ c‘:im'cm b vroke Lelter deasions

« Tohuibon ‘vehind ccm\oinina wu \HP\e vadels / hypcﬂ'heses

— Tndiwiduals (ov individual madels) often wmake voiskkes, but the

L

‘majoﬂ’rg" is less \'\ke\y e vmake wmistakes

— Tndividuals often ‘ave partial knowledoge, lut a committee can pool

exFev’c(se ‘o vake beler deasione

» Ensemble Keovming can cowbine an ensemble o('—

— Different types of bose models (e-g. Neural nehaorks, CART and SYM)

— Same base wedel trained s\ightly d)(??erenﬂy vV, We ave %oi’r\a to follow
this oPp\'ao.ch



Bog%'mg( COY‘ Boo\:sbrop Aaz\‘reao'k{nﬂ>

A cenkral concept 1@ ML is the bias- varloance bodeoff

— The wore floxible a model is, the lower ik bias will be

Exam-Ples ot Hfgh\y Hexible models that can represent cdm?ll'm\-edl

voput - ou\'Pu’c re\ah'anshi‘bs ave KkK-Nearest Neia\\boo‘rsj CART, NNs| etc.

The downside of such highly Rexible wmodels i the visk of overfii‘ting
Overfitted wiodels lead Yo vnwanted \m‘a\r\ variance in Fveo\\‘ch‘ons

By usin8 \oo%cain%, we Can veduce the wvarance o? Phe base wmodel

without \'ncreasing its bias

Lets kake an example OF Yea.ress(cm brece  woith bo«jﬂina



® CO“SiAPY‘ the dato oblained as Data

1 A go00d predichon
\/J = {2(1) + € 1 %o VT
Re noise
0 $(x) e
o We would like o kwin an ML madel °s * ANE )
- s @ AN
us\'h3 Mnis o\a\-a, so as o be able o ./Q . h
-1 P ,
predict new dato. poinks well . M o,
0o .
2 1e
o A %ood Pfec\'nc-l-\'on would wear. thot the . - —
krained wmodel should F‘red\'c{- £(=) X

shown by the dotted line well at =,

e TFor Hhis Fvoblem) let vus use Rejress\'on Trees as tie chosen ML wmethod , since

’d’\e\/ are won-parametric methods and ave very Lexible



Reall that in Classification and Rearess(on trees, we quh'h‘on Hhe

fn\vut sroce Using box—stheo\ dectsion boundaries

Leke covnsider o Regress(or\ hee which s Grown. unB] ecach (eo\Q nede

has on\y one dalto Po‘m%
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¢« On {;H;na & Teqression bree  ((with one date PoInJc in each lea@))

wWe %et an OVERFITTED Rearessior\ Tree

Data .l

e Due b ovef('-i\-\:(h%) Yhe resulting Yearees{on bree is o low-bias-high-variance
rod el
— \178\\ variance means the hoined model is vewy gensikive to the \-raim'ng

data ; Wothe \“rain'ma dats changeg, the F*rea\{c.h'ons change o lot



Becavse o(i the noise in \*fcﬁning doko\) we can think OF Hhe
F-reo\\’c\-\‘on /&(x*) '@rom bhe brained maodel os o vandom variable

— [+ wmeans that i we had wultiple datocets and we trained diffevent RTs
on them, each of their predichions ?Cx*) would be different

s ) :Qc\/(x*) T(') . '/jY\(’('k) 'T(z) - ;7(,(3‘) TA(B>
.! “NL- v " o :5 ) S — ? Y
- L= |
X* X_* x*

Se W we assumed Ythat we had access o B fndeFenernt Satoselbs

€))
T‘ , r.r[2>) - T{B)

Cach dataset and ablain separate Ffed(c\'\'dhs §b<&*) , b=12,..,B,

H’]CY):
— Each 719(?—(*> would have low bias and \m'a"\ vanance

, hen we coud kain a seFa‘raJt@ tree -FOT‘

B
— By averaging ,7\(&) = ‘é‘ bZ=\ Yo (g | the bias is kept

small, bubt the variance is reduced by o Pactor of B



Probab]\t’{j detovxy — Variance vyeduction by av@ro%ing

d et 2, Ta, -, Zp be a collection af- Td‘en{‘l’cauj distributed
but Fossibly o\ePendent' vandom variables — with

Mean EE_"Z‘ ] = M
’ ’ % fc b=1,2,...,8

Variance: Var(z,) = o~

CO""(Q la'hor\. . COW ("e; ' 2\] ) = P | #j > i.aj = ‘) 2,--,B

Then one can show bthat the ynean ard variance of the

G
average 1> 7z, are: (Assume 0L P4 1)
B b=
| . s 1= 2
E | > =z, | =M, Vor |- > 2, | = —— 0 + Po”
I.B b=\ B b= \.,-\,./Bw
- - small for lavge B




e Problem: We on\y hove access +o one ‘ltm‘\'n‘(n?’ dataset

e Solubon : Boo%sbroP Fre dqlﬁ‘.

« Bootstrop s a wethed of ar-l:{{—’(ciallx/ creating multiple datasets (of
size N) oubt of one dataset (also of size N

_ gqu\e N Hmes woith reP\acement ‘grom the o*n'afna\ Hafnina
date T =$X{5 Vi 5

— Re\aeat ® Hmes Mo 3enerq{'e B bool‘sh'aFPeciv {"raﬁning
dalag ek F‘rco) ,’?‘rCz) o ';'T(B)

J

e BAGGING

— TFor eoch bookch'aPFea dotoset '—?Lb); we train o tree (base \madeD

P\veva%in% thewm

/N & ~b
Y, 2.5 (x)
3

1
B b=l

—_—
—




Dagaing example with yegression trees as basemodel

Assome Hhat we have a b‘m’ning set

T = {(’—Si) 7_1> ’ (7—(1)}'1) ’ (?—(3:73) s 77

, (’—‘N )7N>}

e We %enera'{'e) say 3= 9 datasets by boo}:SErcxloPin%:

T Y G, y) s o), Gaan) e, Gasys) S

(2> %\ <—| ) 7) ’ (’-‘N, 7N> ) (?—(N; 7N> )y "

:r(g)zi 2—(|)7|> ) (’—gi)%) p (’—(1)3’:)

,(>_<N, ‘/N> %

) (’—(33 73)}

* We c:::mPu\-e B= 9 (deeF) Tegressfon brees m(-,() ~C>(x) --(e)(&)
3
one for each dataset ¥, :ru), -, ;-.‘:,(g), and averege ?bag = —_15_ 2 “7‘(5)(&
b=\



Ba%%{n% ex amP\e wi Hn Yegression trece
Ensemble of bootstrapped regression trees
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1 Regression tree with complete data




Boagging algorithm
UV U e

. Trainihg: Learn all base wodels

N 8
Dato T*rafniha dalaset T = %31 , yi}ﬁl The choice o{: R’ is

\ma\'n\j %ufo\ed ‘oy

( )
It s b
Reso B ase wodels cemputational constrainks

'?0\" b = 1,....,B do

- Generate o boe{'s\rap datoset ::-’T'(b> o{l the same size as Al

— Learn o base wmodel grom 71““’)

end

/N

B
Obtain Ybaa (x) by owera%\'ﬂ% : Ybaa (x) = __:_3_ Z 7('9)(5)

* Predichon with the bose wmodels

Data: ‘B’ base models and test input X

Result: A prediction § (x,)

g Uce same formula



RanpomMm  TFoRESTS

‘ BO\%%(\’\% can %rea%\\/ improve the performance of CART
_ Averagin% over ensemble P—rec\\‘c_h'an, n case o?- rearess{on trees

— Majorﬁ'\/ vote over ensemble Ffed\'c\-\‘on, {ior c\assif\'co’n'orn frees

* However, the 'B’ bootshrapped dataset are correlated |

Fme‘fe%b‘fe, Yfhe wvariance veduchon due }o averaging s Aiminished

- ] — No variance veduchon
S 1-F 42 >
L Z Z | = — 0 + (o when =1
B
B b=y

REQG“ \/0‘{'

— Hfs\'\ est varxioance

ryeduchen when ,0 =0

e |dea o(l Rondom Tovest: De-covrelate the ‘R’ trees by {njech‘ﬂg

additional randemness when ccmsh-uc-h'n% eoch
tree



Rar\o\om Tovest = Baﬁ%ing + Decision Trees with vand em
{eature sulbosetr

celection

Boaair\%
riginal
'T*/ ?m?nfna set

Bootstrapped ;:JrCA ,.f]:(Z) B %(B}
datasets

Difterent )
\mco\e\s/ @ @ @ l These oare o\eeF

hypotheses decision treez (or CART)

in Rondem TForest
o~ () o~ (2D ~(»)

Predictions Y N Y

Avemae/ Ha')oﬂly vote

’~

Final bagged 7\”8

Ffedic\—\'cx\_



Random TFealvre Subgels

* lohile growing o decision bree, one gelects the best input Reature

x; feon  all (F) input varigbles  x,, o, -, Ap Rore sF\iH:\‘ng o nade

* In vandom fovest, we pick a vandem gubset cansish‘ng of 9 &P
Reatvves

e
£t

A boot sl'raPPeA dataset

ano\ cm\y constder these 'q”

9

TnFu{‘ featvres Lov Fossib\e splits

q=2 tandom suvbsels

1R 3-5 \-1 0-2

-\ 3.5 -3 0-2
-09 33| 05| 0

-2 3.2 | -4 0-2 o
-0-3 3-3 05| 01

P=4 (# of inputs)

0-\




(Rahdom -Qores{— a\qeﬂ-\’hw\

IﬂpuES: T:i?&i)yi}f\‘ ; x € RT

1=\

Lox b=1 4o B, deo
@) Dvaw o~ ‘ooo’cSl‘raF dalaset ”T"Cb) oF size N fkom T

(v) Geow o vegression (or classtficabion) bree by -relpeab‘na the steps

Thumb vule
below, unkHl o wminimum node size s veached : q=1{p (b )

S

qafs  (for RT)

— Select a vrandom subsel consis’n‘n% aof q & P inpuis

- Find the best s?\i{-’dng vavxiable xJ- among Yhe ‘cl,’ se\ected inputs

= Split the node into two childven with {x; ¢ S} and § % s}

Final wmodel is the oweronge

~ o iy(b)
e = =

of the ‘B’ ensemble wiembere B ooy




Exam?\e o(_; binary C\O«QSiP\‘Cd‘\‘\'OW B=93 ensemble members

—q=2 =2
P=1 §=1

Rcmd om
Forest

] : Ensemble

. wvembers
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2
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Bagging Random forest

= Random forest
~—— Bagging

\ 4

25 30 35 40 45
B (# of ensemble member&)

For very small B, However, as the number of ensemble

bagaing ‘aer-Forms beHer member increases, test ervor decreases

Yaan rtandom forests move for vandom fovests



2
* Tor identically distributed vandom variables %%b}b__‘

- -

23
Zzb - _\_—f O‘z.].. (06‘2-
3

Vov | 1_
B b=

* The ~vandom input selection veed 1n wvandem Lovests:

— Ineveases the bias, but often very s\ow)y U
— oadds to the wvariance (T2 o(l each tree |

— veduces the covrelabionn (P) behveen wmember trees TTT

e The ~veduchion in correlabion mgfcq\\j has a dominant effect

= leads o an overall reduchon in  evvoer

. Boga‘tn% 15 O 86“97‘0\ ’cechniolue —> can be used with any base wodel

Randoem ?—ores\‘s consider base wnadels as  classification o Tegression trees





